, "Image dehazing based on partitioning reconstruction and entropy-based alternating fast-weighted guided filters," Opt. Eng. 56 (5) Abstract. A robust image dehazing algorithm based on the first-order scattering of the image degradation model is proposed. In this work, there are three contributions toward image dehazing: (i) a robust method for assessing the global irradiance from the most hazy-opaque regions of the imagery is proposed; (ii) more detailed depth information of the scene can be recovered through the enhancement of the transmission map using scene partitions and entropy-based alternating fast-weighted guided filters; and (iii) crucial model parameters are extracted from in-scene information. This paper briefly outlines the principle of the proposed technique and compares the dehazed results with four other dehazing algorithms using a variety of different types of imageries. The dehazed images have been assessed through a quality figure-of-merit, and experiments have shown that the proposed algorithm effectively removes haze and has achieved a much better quality of dehazed images than all other state-of-the-art dehazing methods employed in this work.
Introduction
Haze removal from a single image is a challenging problem, especially when depth information of the imagery is not available. State-of-the-art techniques for dehazing single image data can be roughly classified into two schemes. The first approach is based on image enhancements that aim at improving the visual quality of the image through denoising and midtone compression, such as histogram equalization, 1 local contrast maximization-based technique 2 color constancy Retinex approach, 3 fusion-based, 4 and fuzzy set enhancements. 5 These techniques attempted to resolve the problem but without any measures to address the source of image degradation; consequently, these methods could not improve the contrast and the visibility of the hazy scene sufficiently. The second scheme is based on priors or assumptions to help model the statistics of the scattering event, thereby solving the ill-posed inverse problem of haze removal. Fattal 6 proposed a dehazing method under the assumption that the scattering of light by objects in the scene and the surface shading are locally statistically uncorrelated. Tarel et al. 7 imposed constraints on the variation of the depth by maximizing the atmospheric veil (AVM), assuming that it must be smooth for most of the time. He et al. 8 explored the dark channel prior (DCP) based on the statistics of haze-free images. The DCP had been widely used in bad weather image restoration. [9] [10] [11] [12] Meng et al. 13 proposed an effective regularization dehazing method to obtain a haze-free image by exploring the inherent boundary constraint (BCR). Zhu et al. 14 proposed the color attenuation prior (CAP) by creating a linear model for dehazing the image. Although these haze-relevant priors or assumptions have some success for dehazing images, they are not really effective or efficient enough, and at times unwanted artifacts have been seen in the results produced by these dehazing approaches.
In this paper, a physics-based algorithm within the image degradation model using partitioning reconstruction and alternating fast-weighted guided filters (FWGFs) is proposed for more robust dehazing of a single image. The proposed method first finds the mostly haze-opaque region (MHOR) from the hazy image. Then the global irradiance is estimated from the MHOR of the scene. The depth of the scene is estimated through a transmission map reconstructed by transmission partitions from the haze-free slices of the image. The transmission map is subsequently refined by an entropy-based alternating FWGF to reduce residual halo artifacts in the restored image. The quality of the dehazed images is assessed through a quality figure-of-merit (FOM) to evaluate the effectiveness of the dehazing algorithm. The robustness of the proposed physics-based approach is compared with four other state-of-the-art dehazing methods, and experiments have shown superior qualities of dehazed results obtained from this work.
Proposed Algorithm

Haze Image Degradation Model
The present image restoration work is based on the image degradation model with first order multiple scattering: E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 3 2 6 ; 1 7 4
where I c is the hazy input image, J c is the intrinsic haze-free image of the scene, τ ∈ [0.8,1] is the visibility, 15 A c is the global irradiance, p is phase function, and pð0; 0Þ is the phase function of a single haze particle, which can be evaluated under the spherical Lambertian scattering assumption. 16 Let t ¼ e −τ be the transmissivity and k ¼ 1 þ ½pð0;0Þτ∕ ð4πÞ be the scattering phase factor, which can be treated as a constant for a given scene. 17 The value of k can be calculated according to Ref. 17 . Then, we can transform Eq. (1) into E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 6 7 5 J c ¼
Thus, J c can be recovered from Eq. (2) when A c , t, and k are known.
Global Irradiance Estimation
In most cases, the global irradiance can be estimated from the MHOR of the scene. [18] [19] [20] However, previous work in the area failed to locate the MHOR robustly due to the false alarms given by the white or bright pixels in the imagery. The present work constrains the search of MHOR by selecting chromatically whitish pixels, particularly in the upper part of the imagery, which, in many cases, represents the pixels of the direct skylight.
A white balancing algorithm for chromatic balance is then applied for the whole scene before A c is estimated through the matrix R: 
Then, a selective operator S for the selection of chromatically whitish pixels: E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 6 3 ; 3 9 6 S → R I g <Ī g ¼ 0;
(4) whereĪ g is the mean of all grayscale pixels in I c and I g is the chromatic values of each pixel. Because MHOR usually lies at the top part of the haze image, the MHOR is selected via a spatially weighted matrix W:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 3 1 8 W ¼ 1 − ½ði∕NÞ 0 ; : : : ; ði∕NÞ 0 ; i ∈ f1; : : : ; Ng; (5) where N is the row numbers of the image. A minimum filter is then applied to exclude outlier pixels, such as bright noise. A soft threshold T R is then defined for the selection of MHOR:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ;
where f is a min filter, * is the convolution operator, and ρ is the percentage of the brightest pixel, which is used to adjust the value of T R ; it is a constant between 0 and 1, and ρ ¼ 0.99 has been used here. Finally, A c can be obtained by averaging MHOR in the I c :
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 1 5 7 A c ¼ fI
where Ω represents the MHOR with all pixels above T R .
Transmission Estimation
For a given A c , the J c can be expressed in a unary function of t as in Eq. (2). A series of J c 1 to J c n slices can be generated for a range of t that varies from t 1 to t n . Haze-free regions of each slice can be found through a detection operator. Ancuti et al. 4 proposed a similar detection-based method for image dehazing. However, this method is not robust and suffers from large error due to the ambiguity in assessing the color and depth correctly. The proposed method in this paper is shown to be capable of reducing this color/depth ambiguity by an automatic pace and a nonoverlapped hazefree areas selection, as well as a better algorithm for the detection of the haze-free region.
Our detection operator D is effectively the process of Eq. (8) to Eq. (10), as illustrated below:
Unlike Ref. 4 , the semi-inverse image can be defined as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 3 2 6 ; 5 9 8
The haze-free areas of the image are the regions of interest that satisfy the condition of E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 3 2 6 ; 5 4 0
Similar to Ref. 13 , the pixels in the regions with intensities above threshold of thL ¼ 1 − H or below thU ¼ H are selected as haze-free areas in this work:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 3 2 6 ; 4 7 1
The process for employing Eq. (8) to Eq. (10) is collectively termed the operator D.
The haze-free area Ω in each slice i is defined as 
where ∪ is the set union andt can be constructed from t i ¼ 1 to t n < T with step length η and T ¼ 1 − H. The step η has been made adaptive through an empirically developed formula, as shown in Eq. (13):
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 3 ; 3 2 6 ; 1 9 0
where M and N are the row and column dimensions of the image, respectively, and the bracket bc is the round down operator.
Hazy Image Restoration
It is necessary to refine the transmission map as obtained from Eq. (12), and an FWGF is proposed to reduce halo artifacts and roughness caused by the fixed regularization parameter in the fast guided filter. 21 A modified local variances-based and edge-sensitive weighting function, as originally proposed in Ref. 22 , has been employed to incorporate local entropy for enhancing the transmission map. The weighting function W G is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 4 ; 3 2 6 ; 4 4 8
where E G is the image entropy of the guidance image G in a 3 × 3 window, p is a pixel in the window, and p 0 is the center pixel. In this paper, λ is 0.001 times the dynamic range of the input image. Then, the linear coefficients a k and b k of the FWGF can be obtained:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 5 ; 6 3 ; 7 1 9 a k ¼ 1 jωj
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 6 ; 6 3 ; 6 7 2
where ω k is square window of radius r, (note: r is the radius of the boxfilter, which is used as a moving sum filter. The size of the boxfilter is 2r.) jωj is the number of pixels in ω k , μ k and σ 2 k are the mean and variance of ω k in the transmission mapt, respectively, and q k are pixels in ω k . The G,t, and W G in Eq. (15) E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 7 ; 6 3 ; 5 2
To further improve the algorithm, FWGF within the alternating guided filter (AGF) framework 23 is proposed. The AGF consists of two FWGFs. For a given G 0 as the initial guided image, the FWGF employed in this work has adopted r ¼ 20 and s ¼ 4, as suggested in Ref. 21 for better computational efficiency. The pseudocode for the alternating FWGF with t as the refined transmission map is summarized as follows:
G i ←FWGFðG i−1 ;t; r; sÞ G i ←FWGFðt; G i ; r; sÞ
The algorithm converges fast normally within a few iterations, and it terminates when G i − G i−1 is less than 0.01. The intrinsic image J c can be evaluated as in Eq. (2). However, the phase factor k reduces the chromatic intensity of pixels and contrast due to scattering. Thus, an adaptive contrast enhancement algorithm 24 is applied to overcome this problem.
Experimental Results
Experiments have been carried out on a Lenova-Y40-80 2.40GHz Core i7-5500U laptop under MATLAB (R2015b). Various types of imagery have been processed using several state-of-the-art dehazing algorithms, and the dehazed results have been compared with those obtained by the proposed method. Three metrics of image quality assessments (IQAs) have been adopted to evaluate the effectiveness of the dehazing algorithm: the indicator X e represents the rate of visible edges with respected to the input image, X r indicates the quality of the contrast 25 with respect to that of the input hazy image, and X o is the standard deviation of the dehazed image. A high quality dehazed result is characterized by high values of X e , X r , and X o . A combination of these three scores into a FOM ¼ X e þ X r þ X o is constructed for quality assessment of image dehazing. This FOM is designed to evaluate the recovery of the haze features through the X e and X r metrics, as originally proposed in Ref. 25 , and to include the X o , which is traditionally employed for measuring image contrast. Thus, the proposed FOM is sensitive to the amplified background noise and blocking artifacts. 26 In addition, the computational complexity of all algorithms is compared in terms of processing time T c (in seconds). Figures 1(a) and 1(b) show the hazy input image and the MHOR as located by the proposed method. Figures 1(c)  and 1(d) depict the transmission map and the refined transmission map after processed by algorithms, as described in Secs. 2.3 and 2.4. We have presented the results of five hazy images processed by four state-of-the-art methods (DCP, 8 AVM, 7 CAP, 14 and BCR 13 ) and compared them with the results obtained by the proposed algorithm in Figs. 2-6 . The five selected images for algorithm testing in this experiment have been (i) far-view mountainous scene (image 1), (ii) near-view street scene (image 2), (iii) far-view city scene (image 3), (iv) near-view village background without the view of the sky (image 4), and (v) near field of view of a park scene (image 5). It is seen from these experimental results that the BCR method proposed by Meng et al. 13 has been the best dehazing algorithm among the 4, with FOM values very close to that of the proposed physics-based dehazing technique. However, the BCR algorithm shows a lack of robustness, and the dehazed results at times exhibit halo artifacts, as depicted in Fig. 4(c) . The AVM technique also suffers from lack of depth details, which can be seen from Figs. 2 and 4. It can be observed that the proposed method improves visibility and restores contrast with a minimum of halo and block artifacts, and the proposed method works equally well for imagery that does not contain the sky view. Table 1 tabulates the FOM scores of sample images processed by all algorithms; it is shown that the quality of dehazed images that were processed by the proposed algorithm have achieved good quality with the best FOM score. A summary of the IQA for all the dehazing methods employed in this work is graphically presented in Fig. 7 .
Conclusion
A single-image dehazing algorithm based on partitioning reconstruction and alternating FWGFs is proposed. The principle of the algorithm is to deduce the intrinsic image by assessing the global irradiance and the transmission map of the scene within the image degradation model. It is shown that the proposed algorithm is able to estimate the global irradiance more accurately through a robust detection of the MHORs from the scene even when the imagery does not contain the sky region. The depth information of the imagery is obtained through a boundary constraint transmission map of haze-free areas. The transmission map is further refined by alternating FWGFs, and the final dehazed output is obtained through the first-order multiple scattering of the image degradation model. Unlike most work in the area, the proposed method does not need prior knowledge of the statistical properties of the scene. Experiments have shown that the proposed method can significantly improve the image quality in a timely manner better than all dehazing algorithms utilized in this work.
